We present a new automated, objective and intuitive scoring method to measure the content of central bank communication about future policy rate moves. We apply the methodology to statements released by the Federal Open Market Commitee (FOMC) after monetary policy meetings. Using high-frequency financial data, we find that yields on short-term risk-free nominal rates respond both to changes in policy rates and the content of the statements, whereas, medium and long-term rates only respond to changes in communication. Using lower frequency data, we find that changes in the statements lead policy rate moves by about six months both in univariate and vector autoregression models. The paper discusses the interplay between policy communication and rate moves. JEL Classification codes: E43, E52, E58.
These statements are of particular interest for two separate reasons. First, the text of these statements represents a close-to-ideal set of observations for empirical analysis: The structure of the text is fairly comparable over time; the statements are available for a relatively long period of time; the release dates are almost equally spaced in time. Second, according to popular financial press and previous literature, financial market participants pay very close attention to the content of these statements, and, at times, even small changes in their content elicit large price reaction of asset yields and prices both in the U.S. and in foreign financial markets. 1 After years of intentional opacity on the part of monetary policy authorities, the last ten years have witnessed extensive and increasing efforts on the part of central banks to improve transparency of their communication to market participants. 2 Such efforts have been often frustrated by the lack of quantitative assesment of the role of such communication. Although theoretical contributions to the analysis of information and communication have been substantial, empirical research has not produced comparable insights, mostly because of the inherent complexity of analyzing quantitatevly flows of verbal information in a manner that is at the same time objective, intuitive, and replicable. 3 Indeed, text and words are not intuitively susceptible of quantification in terms of intensity and direction of meaning, which in what follows will be referred to as semantic orientation. Different people tend to subjectively interpret nonquantitative information and the same set of words can have very different meaning and intensity depending on its context. In this paper, we borrow from computer science and computational linguistic a set of tools that are specifically designed to address these measurement issues and that are based on an intuitive, but information-theoretic based principle. 4 Given two opposing concepts (a dichothomy, say, "hawkish" vs. "dovish"), the semantic orientation of a sentence X (say, "Pressures on inflation have picked up") can be measured by the relative frequency with which X and the word hawkish jointly occur, and the 1 See for example Bernanke, Reinhart, and Sack (2004) and the recurring Wall Street Journal column "Parsing the Fed" that analyzes the content of each sentence of the statement relative to the most recent one "for clues about where interest rates may be headed."
2 See the discussion in Greider (1984), Bernanke (2004) and references therein. . 4 The concept of pointwise mutual information (PMI) employing information retreival (IR) is discussed in the methodological part of the paper. The relevant references include Church and Hanks (1990) , Turney (2001) , Turney (2002) , and Turney and Littman (2002) .
frequency with which X and the word dovish jointly occur. If the string "Pressures on inflation have picked up" co-occurs more often with the word "hawkish" than with "dovish", then it seems intuitive to attribute to that sentence a relatively hawkish score (and viceversa) . It is through the use of Internet search engines that the empirical estimation of those joint frequencies can be easily implemented. It sufficies to consider hits counts on joint searches (i.e., run a search of sentence X and the word "hawkish") that are then mapped into joint frequencies. As we show in the methodological section of the paper, simple search routines in Google can help assign quantitative content to FOMC statements. We show in the following sections how communication scores based on mutual associations on web pages capture well the policy stance of the central bank and lead the federal funds rate in a systematic fashion.
This approach has several advantages relative to previous literature. First, it does not rely on subjective ratings of text of the researcher, like for instance in Romer and Romer (2000) or Bernanke, Reinhart, and Sack (2004) , and is based on objective search routines. At the same time, by specifying an ex-ante metric along which we analyze the content of the statement-in particular, we focus on the degree of "hawkishness" of the statement as predictor of future policy rate hikes-we depart from black-box methodologies, such as factor analysis methods, which deliver findings that are hard to interpret economically, and are often silent about policy communication prescription. 5 The same type of comment also applies to methods based on word frequencies and counts, which are inherently ambiguous on the meaning or orientation of the statement. Finally, this approach makes the analysis easy to automatize and to replicate by other researchers.
We conduct an empirical analysis using high-and low-frequency identification. We find that yields on short-term Treasury securities respond both to changes in policy rates and changes in the content of the FOMC statements during short time windows around the time of FOMC announcement. Instead, yields on medium-and long-term securities only respond to changes in the content of the statements, with 2-year Treasuries having the largest response. Using data at monthly and intermeeting frequency, we then analyze the relation between central bank communication-as measured by the automated scores-and policy rates using two models: a vector autoregression (VAR) model and a univariate model specification. The VAR model includes the federal funds rate and the language scores, as well as measures of inflation and economic activity. The univariate model, instead, directly forecasts future policy rates at different time horizons using the semantic scores while conditioning on all information available to market participants about future rates just before the announcement, as measured by quotes on futures contracts delivering at the corresponding forecast horizon. Both models show that the content of the statements have considerable forecasting power for predicting future changes in policy rates. The estimates of the VAR model imply that a one standard deviation unexpected "shock" to the policy stance of the statements yields to higher future policy rates, with a peak of about 20 basis point after about six months. In addition, parameter estimates of the univariate model show that the content of the FOMC statements has predictive power for the level of the federal funds rates up to eight quarters out. This evindence supports the view that the Federal Open Market Commitee modifies the content of the statement several months ahead of changing the target level for the federal funds rate. Consistently, mediumand long-term Treasury yields respond to changes in the content of the statements.
The rest of paper is organized as follows. In Section we report the methodological description of the class of automated communication measures employed in the paper. In Section 3 we present the data. In Section 4 we investigate the effects of communication on asset yields using high-frequency data. In Section 5 we analyze the low-frequency properties of communication therefore emphasizing our scores forecasting power in an univariate setup and in a recursive VAR setup. In Section 6 we investigate the relation of communication with the systematic and unsystematic components of policy through the lenses of a standard Taylor rule. Section 7 concludes.
Measurement of the FOMC Statement
This section sets forth the quantitative analysis of the FOMC statement. The core of a FOMC statement is composed of five sentences-5.35 on average for the period between May 18 1999 and August 7 2007-each composed of twenty-five words-24.64 on average for the same periodexpressing succinctly the FOMC's rationale for the, or lack of, policy action and an assessment of the risks to its long-run goals of "price stability and maximum sustainable employment." 6 We restrict our objective to defining a measure of the stance (and intensity) of the FOMC statement in terms of future hikes or cuts of the policy rate, that is, in terms of its degree of "hawkishness" or "dovishness", based on the FOMC's own assessment of the risks to inflation and economic growth. There are two reasons for choosing this approach. First, it is directly suggested by the "balance of risk" of the statements and, second, generally speaking, this how market participants interpret the statements according to popular financial press. 7 The measure should produce a high score for a hawkish statement-i.e., forecasting increases of the federal funds rate-and a low score for a dovish statement-i.e., forecasting decreases of the federal funds rate.
The challenge is that words are inherently difficult to measure and so are their meanings, discourse orientation, and intensity. Suppose we were set to analyze the difference between two sentences in a given FOMC statement:"Pressures on inflation have picked up", March 22, 2005- call this string of text X-and "Inflation pressures seem likely to moderate over time", December 12, 2006-call it string X . 8 Read in their entirety, the former sentence can be interpreted as 6 In the paper we will refer to the FOMC statement as corresponding to its "core" text, that is, excluding the preamble merely describing the policy action and the concluding description of the voting roll call. Our sample is restricted to the sample period May 18 1999 and August 7 2007 because earlier statements released by the FOMC were not systematically associated with, or lack of, monetary policy actions. 7 In the period between May 1999 and February 2000 statements included a "policy bias" as opposed to a "balance of risk" assessment. See Fleming and Piazzesi (2006) , and Bernanke (2004) , for additional discussion. 8 The strings X and X are, respectively, part of the following two sentences): i) "Though longer-term inflation expectations remain well contained, pressures on inflation have picked up in recent months and pricing power is more evident.", and ii) "However, inflation pressures seem likely to moderate over time, reflecting reduced impetus from energy prices, contained inflation expectations, and the cumulative effects of monetary policy actions and other being hawkish and the latter as being dovish. While most would agree that X delivers a stronger indication than X of an outlook of rising inflation and, possibly, future hikes of policy rates, no clear metric exists prima facie to assess the two. Below, we discuss two alternative approaches to go about the problem.
A first approach is assigning to each sentence a subjective, heuristic score. For instance, consider the following scheme, which we will call heuristic score (HI), applies to x ∈ {X, X } :
if the sentence indicates, or suggests, an increase in inflation;
−1 if the sentence indicates, or suggests, a decrease in real economic activity; 0 if neutral.
According to the operator (1), the score H(X) would clearly be a 1, whereas HI(X ) possibly a 0. A heuristic approach as the one just described has advantages and shortcomings. 9 It is an intuitive and simple measure of the orientation, or "hawkishness" of a sentence. However, it coarsely approximates intensity and relies on arbitrary and subjective judgement, thus it is difficult to interpret or replicate across scorers. Consider, for instance, the alternative interpretation of the score of X being equal to −1 on the grounds that lower inflationary pressures tend to be associated with reductions in aggregate demand. In addition the categories in (1) might not always be mutually exclusive as, for example, in the case of a period of stagflation.
Yet one might ask: how well does such a score describe the monetary policy stance of the FOMC? By applying scheme (1) to the set of sentences of each FOMC statement in our sample and after averaging within each statement, we obtain the heuristic measure reported in Figure 1 . 10 The Figure graphs the time series of the intended (target) federal funds rate and the heuristic score. From a descriptive standpoint, the heuristic score appears to lead the policy rate by about two quarters, consistent with the idea that the score measures the stance of policy. Statements with a dovish stance appear to lead subsequent policy rate cuts, while statements with a hawkish stance have been followed by subsequent rate hikes.
A second approach is assigning to each sentence an objective, automated score. The difficulty here is generating an automated algorithm, able to capture the semantic stance of the statement or one of its parts along the hawkish/dovish metric. Although it is a relatively novel problem in economics, the unsupervised and automatic measurement of the intensity or the semantic orientation of a text is commonplace and a long-standing issue in computational linguistics and natural language processing-scientific fields at the intersection between computer science and linguistics. 11 We follow here the approach initially proposed by Church and Hanks (1990) and generalized to factors restraining aggregate demand." 9 See Romer and Romer (2000) and Bernanke, Reinhart, and Sack (2004) for related applications of subjective indices in the analysis of the Fed's policy stance and communication. 10 The heuristic score reported is the consensus on the analysis of each statements by three reviewers (including the authors). We wish to limit the number of scorers in order to maintain the subjective nature of the score. This notwithstanding, the relatively high degree of concordance in assessing the orientation of each sentence across the different scorers reveals that most phrases are not too ambiguous. 11 There are already few interesting applications of computational linguistics in the economic literature, however.
the analysis of semantic orientation through information retrieval by Turney (2002) , Littman (2002, 2003) . The directness of the approach makes it relatively easy to implement and clear to understand compared to other methodologies. 12 Assume that the metric that we wish to define can be properly characterized along a simple dichotomy, say scoring of a string of text x-for concreteness, either a word or a sentence-on an hawkish/dovish scale: That is, we wish to create an score defined over the real line whose values depend on the hawkishness of the given string of text x. 13 We begin by defining a measure of association between concepts. If the meaning of a string x can be commonly interpreted as hawkish, then x and the word hawkish should show a degree of positive statistical dependence in a sufficiently large corpus of text. In other words, the string x and the word hawkish should appear in a language with a joint frequency, Pr(x&hawkish), larger than if the two strings were statistically independent concepts in which case the joint frequency would equal to Pr(x) Pr(hawkish). The
Pointwise Mutual Information (PMI, Church and Hanks, 1990 ) between the string of text x and the word hawkish is defined as:
Pointwise mutual information is a central concept in information theory. Given two elements, PMI is a log-ratio indicating the amount of information that it is possible to gather about one element of the message when the other is observed. 14 A measure of the relative degree of association between the string x and the word dovish can be computed accordingly, hence obtaining the degree of dovishness we can infer given that we observe x. In order to obtain a measure of orientation we can consider the relative PMI between the two polar concepts and obtain a theoretical score of semantic orientation (SO) of x, as obtained from the PMI as follows: 15
The Internet represents a very large corpus of text from which we can obtain empirical frequencies of each string of text in a statement. We implement the information retrieval (IR) process through
For an application of latent semantic analysis to FOMC minutes see Boukus and Rosenberg (2006 13 Or other dichotomies of this type, such as: restrictive/accommodative; active/passive; etc. 14 As such, both computer scientists and linguists employ PMI as a measure of association between words, word pairs, strings of text. In computing (2) we employ base e instead of base 2 as customary in the literature (Turney 2002 hits counts on the search engine Google. 16 The empirical (feasible) semantic orientation score obtained by information retrieval on the Google search engine is:
SO(x) = log hits(x&hawkish) * hits(dovish) hits(x&dovish) * hits(hawkish) .
where hits(x) assigns the number of hits in the search of query x. The SO score is defined over (−∞, ∞) and is increasing in the degree of hawkishness of the string of text x. Computing the scores associated with the strings X and X , which we presented earlier in this Section, is straightforward by implementing six Google searches. For example, for the hawkish sentence X we obtain the positive score:
SO(X) = log(268 * 198, 000/(24 * 840, 000)) = .98, and the negative score:
SO(X ) = log(970 * 198, 000/(389 * 840, 000)) = −.53, for the dovish sentence X . This example is representative of how an unsupervised, automated algorithm such as the SO-PMI can approximate a subjective interpretation of a string of text along the hawkish/dovish dimension. 17 We implement the scheme (3) on each sentence of FOMC statements available in our sample, and on sub-strings of words of given length (called n−grams) obtained through parsing and tagging sentences (Brill(1994) ). 18 To compare the results of the PMI score and the heuristic score we consider a discretization of the semantic orientation score based on values of the PMI score outside of the interquartile range, 16 Available at: www.google.com. This search engine coverage can be tought of being virtually complete, and its index Web pages is the largest available-it included 8,168,684,336 Web pages in September 26, 2005 according to the New York Times. Turney (2002) implements his searches on www.altavista.com, another popular search engine because of the availability (at the time) of a NEAR operator to condition joint occurrences to be in a 10-words radius on searched Web pages. This operator is no longer available on Altavista and it is also not available on Google. Each search individually run on Google is rerouted to a specific data center depending on Web traffic. Since each data centers caches are slightly different, we constrain our searches within the same data center by conditioning the search on a common data center's IP address. We experimented with several centers obtaining similar results. We also rerun all our searches leaving the IP address unspecified. Although mildly more noisy, the results were also unaffected. Finally we also ran searches on www.yahoo.com obtaining similar results.
17 The Web evolves continuously over time. Pages are substituted and dropped from Google caches over time and its index algorithm is run everyday. This implies that searches executed over time, even on the same data center, may differ. We run all our searches both in April 2007 and in August 2007 and found a correlation across hits well above 80 percent, indicating substantial degree of overall persistence (the meaning of words is persistent and does not change as fast as the Web over time). 18 In the implementation of the score, to avoid division by 0, we follow Turney (2002) and Turney and Littman (2002) and add 0.01 to the hits count as a form of Laplace smoothing. We perform the analysis only those strings x of text for which more than 2 hits for the sum hits(x&dovish) + hits(x&hawkish) are found. We also only included searches longer than three words to exclude incidentals (for instance running a query for the sub-sentence "in any event," is not meaningful by itself in our context).We experimented with 3-, 4-, 5-,and 6-grams (sub-sentences with three-to-six tagged elements, such as noun, prenoun, verb, adverb, adjective) and obtained the best fit employing the 4-and 5-grams. We report the analysis performed on 5 -grams, although the results in the following sections are robust to alternative sub-sentence length. Employing searches directly on whole sentences, however, did report zero hits very frequently and resulted in large number missing observations and noisy measurement. See the discussion below of coverage ratios. The robustness results are available from the authors upon request.
or:
where τ = 1/4. Figure 2 shows the discrete semantic orientation measure together with the intended federal funds rate. The time series of the DSO score is similar to that of the heuristic score shown in Figure 1 score. The low coverage of the statement in that period clearly highlights the sensitivity of the discrete SO score to missing hits. In the next sections, therefore, we retest results for coverage issues by dropping low-coverage observations from the sample or by other methods. The subsampled scores are refered to as "covered" in the remaining of the paper. Finally, notice that the alignment in the DSO and heuristic score levels is quite high. The continuous, unbounded measure SO does not match the heuristic index as well (as we should expect absent the discretization) when both are expressed in levels, however, the scores are quite close in differences. This sort of filtering is particularly relevant in the high-frequency analysis, in which regressions include the differences, rather than the levels, of the scores.
Another simple score of semantic orientation that we will employ extensively is an adaptation of the intuitive measure proposed by Dave, Lawrence, and Pennock (2003) . This approach focuses on the relative imbalance (RI) between conditional frequencies as a measure of relative association (i.e. if a text string x reveals relatively more information about being hawkish than being dovish).
From the joint frequencies Pr(x&hawkish) and Pr(x&dovish) (approximated by the number of hits estimated from the Web) we define the Relative Imbalance score as:
The score in (5) is bounded between −1 and 1, symmetric, continuous, and again increasing in the degree of hawkishness of x. Figure 4 shows how the RI score closely follows the HI score, when it is covered by enough hits. We will use this score extensively in the low frequency results.
Finally, we also attempted to address the fact that certain sections of the statement may be the focus of more attention, or reveal more information than others about future policy rate moves, and thus lead to larger price responses. As an additional check we employ a weighting procedure based on the number of hits for each sentence in the two weeks following the release of a given FOMC statement using the Google News Archive. This weighting procedure is applied to all scoring schemes presented above, and the scores thus obtained are referred to as "weighted" in the rest of the paper. 19 A detailed description of all algorithms used to create the scores is available in Appendix.
Data Construction
This section describes the data used in the empirical analysis. Our data start in May 1999, the analysis is conducted at an intra-day (high) frequency, as well as at a monthly and intermeeting (low) frequency.
In the intra-day analysis, we study price responses of Treasury securities and Eurodollar futures to changes in the target for the federal funds rate and the content of FOMC statements-as measured by our semantic scores-during narrow windows of time around FOMC announcements.
In the low-frequency analysis, instead, we look at the forecasting power of FOMC statements for future policy rate moves, using univariate models as well as vector autoregression(VAR) models that include measures of inflation, employment and risk-free yields at different maturities.
The empirical strategy employed in the high-frequency analysis follows that employed in recent (2006)). By studying the response of asset yields during narrow time windows around the announcements, we isolate the impact of policy actions from other same-day events, such as economic data releases. We consider two temporal windows of different length: a "tight" window, which is thirty-minutes long-beginning ten minutes before and ending twenty minutes after the announcements-and a "wide" window one-hour long-starting −15 minutes andending +45 minutesafter. For each time window, our dependent variables include basis point changes of yields of on-the-run Treasury securities having maturities of 3 and 6-months, as well as 2-, 5-and 10-years. We also consider short and medium-term Eurodollar futures contracts which settle on forward rates on Eurodeposits. 20 We also construct empirical measures of the shape of the yield curve based on the selected quotes available for on-the-run Treasuries. Following 19 The Google News Archive is available at news.google.com/archivesearch. 20 The source of intra-day data is the internal database of the Federal Reserve Board. On-the-run Treasury securities are, for each maturity, the ones being most recently auctioned by the U.S. Treasury. These securities are more actively traded in the secondary market than their off-the-run counterparts. Eurodollar futures contracts are obligations for the seller to deliver fixed amounts of Eurodollar 3-months deposits at expiration (the contract is quoted as p=100-r, where r =3-month Libor; all results in the paper refer to the implicit yield, r, rather than to the price,p). At each moment in time, price quotes are available for quarterly contracts expiring in mid-March, June, September and December for the following ten years (for each month, the delivery date is the second London bank business day before the third Wednesday of the month). 21 The change in the content of the policy announcement is, instead, measured as the change in the current semantic score relative to the score of the previous FOMC statement.
In the low-frequency analysis, data on the risk-free rates at different maturities are monthly averages from the daily estimates from off-the-run Treasuries of zero-coupon yields of Gürkaynak, Sack, and Wright (2005). Table 1 , 2 and 3 present summary statistics and correlation matrix for the data employed in the high-frequency analysis. All yields and monetary surprises are expressed in the tables as basis point changes. As shown in Table 3 , the two automated scores display a high degree of correlation, and indeed, we find very similar results across the two measures in the high-frequency analysis.
For an easier interpretation of the coefficients in Section 4 we standardize all semantic scoresimposing a zero mean and unit standard deviation-in order to make the regression coefficients easier to interpret and compare: The coefficients can all be interpreted as a basis point change of each dependent variable per unit standard deviation increase in each score.
High-Frequency Results
This section estimates the response of asset yields to changes in the content of FOMC statements, as measured by the semantic scores described above. In particular, we consider: (i) yields on Treasuries (Table 4 ); (ii) the level, slope and curvature of the Treasury yield curve ( Table ? ? ); (iii) yields of Eurodollar futures contracts (Table 10 ).
Specification
We follow a high-frequency identification approach that allows us to purge the the response of asset yields to the policy action of the Fed from other news or events, such as economic data releases. 22 We present our empirical approach starting from Treasury securities. Let ∆y i t be the change in the yield of security of maturity i = 1, ..., m during the tight or wide time window around the Although our methodology is close to the recent literature on the effects of FOMC announcements, our empirical setup is designed so as to allow cross-equation restrictions and tests on the coefficient vector β i . 23 Define ∆X t = [1 ∆M t ∆S t ] . The specification expressed in stacked form can be written as:
which can be interpreted as a system of m seemingly unrelated equations. 24 Tables 4 and 5 Kuttner (2001) for the analysis of monetary policy surprises and Cook and Hahn (1989) for an application that does separate between expected and unexpected components of policies. 24 We allow for a general within-announcement (t) covariance structure for the error terms across the m equations in the system: Σt = This variance-covariance matrix allows us to obtain standard errors that are robust for general time-varying and within-meeting correlation across error terms. different linguistic score, ∆S t . 25 The model specification, which is shown in (6) , is a system of six equations containing as left-hand-side variable, yields on 3-and 6-month Treasuries, as well as 2-,5-,10-,30-year Treasuries. The rows of the Tables, show model estimates for the six simultaneous equations.
Treasury Yields
The first column of Table 4 reports the results for Treasuries' response to monetary policy surprise alone (∆M t ) in the tight window. This specification is identical, up to sample coverage, to the the one considered in earlier literature, and the empirical findings are very similar. 26 We find evidence of a statistically significant effect of ∆M t only on short-term yields with a substantial drop in the fraction of the variance explained by the surprise for medium-and longer-term yields. 27 A one-standard deviation increase in the monetary policy surprise in the tight window (8.37 basis points) produces positive and significant increases in the 3− and 6−month bills and 2−year note (respectively of 4.4, 3.8 and 2.8 basis points). As shown in the first column of Table 5 , a onestandard deviation increase in the monetary policy surprise in the wide window (8.33 basis points) produces slightly larger increases in the the 3− and 6−month bills and 2−year note (respectively of 4.7, 4.2 and 3.0 basis points).
In columns 2 through 5 of Table 4 we include changes in stance of FOMC statements, ∆S t , as measured by the different semantic scoring tecniques. The coefficient on ∆S t quantifies the price effect of a change in the content of an FOMC statement, and changes in the scores are standardized to have a zero mean and a unit standard deviation, so that the coefficients express the basis point price effect of a unit standard deviation increase in the corresponging score. Column 2 employs the change in the heuristic score as control. For assets with maturity above 6 months the column shows a significant and positive effect of the statement becoming more hawkish. 28 In column 3 we introduce the semantic orientation score described in (3) . The effect of a one standard deviation increase in the stance of the statement produces a humped effect along the yield curve with the positive effect first increasing and then decreasing with the yield' maturity.
The coefficient is statistically equal to zero for short-term yields, it peaks at 2 years (1.496 basis 25 Given the novelty of our approach we feel compelled to provide evidence of its general robustness by showing several versions of the linguistic scores. The columns use in Table 5 and 4, in order: no score; heuristic score defined in (1); semantic orientation score defined in (3); discrete semantic orientation score defined in (4); relative imbalance score, defined in (5). The additional Tables 7 and 6 include the weighted and covered linguistic scores as discussed in Section ??. In particular the columns use, in order: weighted heuristic score; weighted semantic orientation score; weighted discrete semantic orientation score ; weighted relative imbalance score; covered semantic orientation score; covered discrete semantic orientation score; covered relative imbalance score. 26 See Table 1 of Fleming and Piazzesi (2006) and Table 1 of Gürkaynak, Sack, and Swanson (2005). 27 Notice however the non-monotonicity in the R 2 reported for the 30−year yield, which presents a higher R 2 than the 2-and 5− year yields. This is mostly due to the inclusion in the sample of the unscheduled meetings of January 3, April 4, and September 17, 2001. All results below are robust to the exclusion of these three observations. 28 For the tight sample. For the wide sample, Column 2 Table 5 shows an increase of one basis point for the 2−year and 1.31 for the 5−year yield. points with a robust clustered standard error of 0.59), and decreases again to about 1.08 for the 30−year bond. For all maturities above 2−years the estimates are very precise. Quantitatively the effects of the stance of the statements are large realative to the standard deviation of the dependent variables, as reported in Table 1 , ranging from 3.77 (30−year maturity) basis points to 6.45 (2−year maturity). Substantially marked hump-shaped effects are present in the wide sample, as shown in Table 5 . The coefficient on the 3−month yield is 0.55 (with a clustered standard error of 0.23), the coefficient on the 2−year note is 2.13 (with a clustered standard error of 0.73) and the coefficient on the 30−year bond is 0.90 (with a clustered standard error of 0.47). Noticeably, the introduction of the semantic score increases substantially the explanatory power of the regression at mediumand long-term maturities relatively to the benchmark, which excludes the linguistic scores. The increase in R 2 is between 12 and 15 percent points in the wide sample. 29 As shown in the bottom panel of Table 4 the p-value for the Wald tests of equality between the 3−month and 2−year coefficients reports a rejection at the 5 percent confidence level, indicating a stronger effect on medium-term yields, the opposite of what shown by the monetary policy surprise.
The p-value for the Wald tests of equality between the 2−year and 30−year coefficients cannot reject the null of equality of the coefficients in the tight sample. In the wide sample, however, equality can be rejected at the 10 percent confidence level (Table 5) . We therefore find evidence Column 5 of the tables employ a different unsupervised measure of stance, the relative imbalance score. This score, although based on different theoretical grounds, performs similarly in the analysis, 29 Other papers have also shown how FOMC statements and minutes correlate with long-term yields' reactions. Among others this result is confirmed in Gürkaynak, Sack, and Swanson (2005) and Boukus and Rosenberg (2006) . The advantage of our approach is that our scores allow us to precisely identify and quantify the dimension along which the announcement matters. This intuition is lost when employing factor analysis or latent semantic analysis, since the latent factors lack a clear interpretation. Nonetheless such papers deserve credit for pointing at the potential role of FOMC announcements.
both in terms of quantitative estimates and in terms of portion of the variance explained. Again on both dimensions the results indicate that the stance of FOMC statements has a significant economic and statistical effect with the expected signs. Interestingly across all columns of Table   Tables 4 and 5 , both for the tight and wide samples, the size of the coefficients on ∆M t remain considerably stable, confirming the quantitative estimates of column (1) . In order to check that the regression results are not just the artifact of few well-aligned outliers in the semantic orientation score or dependent variables, we report conditional scatter plot of yields for tight and wide samples in Figures 5 and 6 . The partial regressions display the expected positive relationship between hawkishness and asset yields. We notice the particularly steep regression line for the 2-year note.
Moreover we do not find prima facie evidence of our results being driven by outliers in the sample. Tables 8 and 9 reports the results for the empirical proxies of level, slope, and curvature of the yield curve. These summary measures of the term structure depend deterministically on the yields employed as independent variables in the previous subsection. Hence the following results can be interpreted as linear combinations of the yield equations with appropriate constraints imposed on the coefficients. The advantage of focusing on level, slope, and curvature is that the relevant information concerning changes in the shape of the yield curve is condensed in simple t-tests. Anticipating the results below, we find that an increase in the hawkish stance of the FOMC announcement produces an increase in the level of the yield curve (as we have shown in Tables 4 and 5 , the positive response is across all maturities). The stronger response on the long end relative to the short end (also documented in Tables 4 and 5 ) produces an increase in the slope of the yield curve, making it steeper. Finally, the curvature of the yield curve increases (increasing concavity), given the larger effect of the announcement on the 2−year note relative to both the 3−month bill and the 10−year note.
Shape of the Yield Curve
As for Tables 4 and 5, every column in Tables 8 and 9 employs a different semantic measure of the statement (∆S t ), except for column (1) which is the benchmark. On the row dimension the Table reports the three simultaneous equations estimated by (6) . Beginning from the level equation in the tight sample, the coefficient on ∆M t ranges from 0. 
Eurodollar Futures Contracts
We now report the regression results for four CME Eurodollar futures contracts in both the tight and wide samples. We study the first, fourth, sixth, and eight contracts, thus shedding light on the 3−month to 2−year maturity section of the yield curve. 31 Treasury yields are averages of future expected rates and term premia. By focusing on forward rates we are able to precisely time the effect of changes in the stance of the FOMC announcements on the term structure. We limit the analysis to the first eight contracts, which tend to be the most liquid around FOMC announcements. Table10 and 11 shows the different effects of FOMC stance across forward rates.
The first column, the benchmark, presents a positive effect of monetary surprise increases on forward rates for every contract. Notice the decreasing coefficients on ∆M t as contracts move further in the future, ranging from 0.641 to 0.396 basis points (in the tight sample and all statistically significant at 1 percent confidence). In columns 1 through 5 different linguistic indices are included.
Again we generally find remarkably precise effects of the announcement, all going in the direction of higher expected interest rates when the stance of the statement becomes more hawkish. Particularly, excluding the first contract, the estimated impact of a one standard deviation increase in hawkishness is always positive and statistically significant for the unsupervised indices (both tight and wide sample). Quantitatively the effects are sizable. Consider for instance the discrete semantic score in column 3 where we find for the fourth contract a 2.68 bp effect (per standard deviation), for the sixth contract a 2.56 bp effect and 2.56 for the eight contract vis-a'-vis a standard 30 For the remaining of this subsection we will refer to the tight sample unless otherwise mentioned. 31 Results on all the first eight contracts are available from the authors upon request.
deviation of the left-hand side between 7.51 and 8.49. The same specification in the wide window provides more (qualitative) information about the timing of the effect. The fourth contract shows a 2.73 bp effect (per standard deviation), for the sixth contract a 4.03 bp effect and 3.68 for the eight contract. Although confidence intervals are not sufficiently tight to pin down the peak of the FOMC announcement around 18 months, the qualitative evidence seems to point in this direction.
We further address the issue of timing and the transmission mechanism in the low-frequency results below. At the bottom of Tables 10 and 11 , the Wald tests for equality between the ∆S t coefficient of the first contract and the eight always strongly rejects the null in all specifications.
The addition of the stance indices produces a substantial increment of the portion of the variance explained by the specification in all columns and samples for every Eurodollar contracts but the first. For instance, by introducing the discrete semantic orientation score in the eight contract equation (column 3) in the tight sample, the R 2 of the regression increases to 24 percent from 11 percent in the benchmark including only the monetary policy surprise.
Low-Frequency Results
This section studies the link between central bank communication-as measured by the semantic orientation scores-, policy rates, as well as measures of inflation, economic activity and nominal risk-free yields. We consider two alternative models:(i) a vector autoregression (VAR) specification, and (ii) a univariate model to predict the level of the federal funds rate at different forecast horizons using the semantic scores.
In-Sample Forecasting Using the Automated Scores
This section tests the in-sample forecasting power of the semantic orientation score. From now on we will focus on the relative imbalance (RI) score for parsimony's sake and because this semantic score performs well in matching the time-series dynamics of the federal funds rate 32 . We pose two intuitive questions. First, we ask whether a more hawkish FOMC statement predicts future interest rates hikes, as we postulated. To answer this question we estimate:
where for every FOMC meeting t we define r t+n the ex post realized n−periods out average effective fed funds rate (average taken on the t+n month). The coefficient β n tests the unconditional in-sample forecasting power of the stance score today on monetary policy n periods from now.
Second, we ask whether the FOMC statement at t provides additional information in forecasting future federal funds rate levels above and beyond what the market knows up to the moment 32 We make sure the RI score has an appropriate coverage (at least 50 percent of the statement). Whenever missing values are present,.we impute with the Kalman Filter predicted values from an AR(1) model of the covered RI on HI We have experimented with several ARIMA specifications with similar results. Notice that relative to the high-frequency results, for the low-frequency analysis is substantially more important to capture the 2001 US recession, precisely where the search data display extremely poor coverage.
immediately before the statement is released t, (indicated with t − ), and whatever information contained in the new target fed funds rate set at t, r t . To answer this question we estimate:
where f n t − is the federal funds futures contract rate for month t + n quoted at t − (i.e. 15 min. before the statement is released). Hence, r t+1 is the 1−month out realized average Fed Funds rate matching the f 1 t − contract 33 . If the federal funds futures are efficient forecasts, then they should incorporate all the information available to the market up until the FOMC statement is released.
In (8) the coefficient β n tests the gain in in-sample forecasting power due to a statement shock today on monetary policy n periods from now.
Since the market for federal funds rate futures covers exclusively the first six months out at any given point in time, we also consider the Eurodollar futures contracts. Although focusing on a three-month LIBOR rate 34 , these futures have the appealing feature of spanning up to two years out (the eight contract available refers to the eight-quarter forward LIBOR) and being very liquid.
A drawback when employing the Eurodollar futures contracts is that we are required to change the left-hand-side variable r t+n to the LIBOR rate, which, albeit strictly related, is not a policy instrument. As a right-hand-side control for r we experiment with both the day after opening LIBOR and the federal funds target. We report results for the latter.
In Table 5 , part A, we report the estimates for the federal funds rate (and its corresponding futures contracts). In part B we consider the LIBOR and Eurodollar futures. Both part A and B include the estimates of the two specifications (7) and (8) . We estimate the model by maximum likelihood with heteroskedasticity and autocorrelation-consistent standard errors employing a twolag restriction on the variance-covariance matrix (Newey-West). Table 5 shows that unconditionally a more hawkish FOMC statement positively predicts future interest rates hikes. This reassures us that, at least in terms of simple correlations, our interpretation of the FOMC stance is correct. For the estimates of (7) the coefficients on β n are positive and significant in the vast majority of cases.
The only two exceptions where the specification loses precision are the seventh and eight contracts on the Eurodollar (Table 5 part B columns 7 and 8). Notice however that even ED futures contracts tend to be pretty noisy forecasts seven to eight quarters out. Specification (7) does not have a clear quantitative empirical interpretation due to massive omitted variable bias. The FOMC stance is correlated with a large set of covariates forecasting future monetary policy. An intuitive method for partialling out omitted variables is to employ an efficient summary statistic of the information set immediately before the moment of the statement release, i.e. the futures contract f n t − . Since we also wish to distinguish between the informational content of the statement relative to the policy action, we control for the contemporaneous level of the target federal funds rate.r t . Controlling for both federal funds futures or Eurodollar futures affects 33 STUFF HERE to explain the timing in the ff and futures. 34 [NOTE HERE ON HOW LIBOR AND FF RATE ARE VERY CORRELATED SO IT'S OK]. Also describer here the arrangements to match the data in (8) the size of the coefficient β n , which drops as expected, but surprisingly maintains a significant role for the stance score. The coefficients on β n remain positive and are generally significant at standard confidence levels even several quarters out when we look at the Eurodollar strike rates. This is particularly interesting for us as it indicates that a shock to the monetary policy stance in RI has forecasting power within a full two-year span. Notice that this is a particularly demanding specification for the automated score, given the strong forecasting power of futures contracts.
Quantitatively, the effects in table 5 are reasonable. The effect of a one standard deviation increase in the stance RI (0.23) on the federal funds rates are 6.88bps. after one month, 6.57bps after two months, 6.61bps. after three months, 7.14bps. after four months, 10.76bps. after five months.
Concerning the 3-month LIBOR strike rate we observe effects monotonic over contract/quarters, n = 1, ..., 8, respectively of 7.56bps., 16.57bps., 35.43bps., 47.97bps., 49.25bps., 58.87bps., 60.43bps., 60.54bps.
When estimating (8) we do not assume the constraint of γ n = 1 and hence the forecasting efficiency of f n t − . When we impose this constraint and we run the "excess return" specification:
for the federal funds rate, our results are, if anything, stronger 35 .
Overall, we find robust evidence of in-sample forecasting power of the automated stance score for future monetary policy moves. In the following section we consider a recursive VAR model as an alternative, more structured approach relative to univariate forecasting.
Vector Autoregression Analysis
The VAR models considered in this Section include two monetary policy instruments: a policy We estimate five VAR models that feature identical measures of inflation and economic activity, the federal funds rate and a semantic orientation score. The VAR models differ in the maturity of the risk-free nominal yield included in each model. More precisely, let
denote the vector of variables in the VAR model i : X t includes the three-months core-PCE inflation rate and the three-months (percentage) change in non-farm payroll employment; S t denotes the policy block composed of, in order, the semantic orientation score and the federal funds rate. Finally, R i t , is the (continuously compounded) zero-coupon yield at maturity i = {3-month, 6-month, 1-year, 3-year, 10-year} as calculated by Gurkaynak, Sack and Wright (2007) from off-the-run Treasury securities. We will refer to the variables Z t = [X t , S t ] as the core variables of the models.
The VAR models identify monetary policy shocks using a recursivness assumption: First, the inflation rate and the change in non-farm payroll employment, X t , do not respond contemporaneously to innovations in the policy block S t and the yield R i t . Furthermore, within the policy block, S t , the semantic orientation score is ordered first, so that the federal funds rate responds immediately to innovations in the score. We find this ordering preferable to the alternative of ordering the federal funds rate first in S t , as it is consistent with results presented in Section ??. There we show that the semantic orientation scores capture a significant component of the variation in residuals of Taylor rule equations for the federal funds rate. 36 Nevertheless, the key results of this Section do not not depend on the ordering of the two policy instruments within S t .
Most of the VAR models considered in earlier literature to identify monetary policy shocks do not include information regarding the term structure of risk-free rates. In this respect, our model is closely related to this literature in that we assume that innovations in the yields R i t 's do not affect any of the core variables, Z t , either contemporaneously nor with a lag. Instead, the yield R i t can respond contemporaneously to innovations in the core variables. 37 The structural form of the VAR models can be written as:
for i = {3-month, 6-month, 1-year, 3-year, 10-year} , where:
and the matrix σ is diagonal. The diagonal terms in the matrices a 11 and a 22 of (10) are equal to one, and the innovations ε X t , ε S t and ε R i t in (9) are serially-and mutually-uncorrelated identicallydistributed structural shocks. It is important to note that, because of the zero elements in(10), the structural shocks of the policy block ε S t do not depend on the maturity of the yield included in each VAR model, or, in other words, each model identifies the same monetary policy shocks. 38 Based on 36 We interpret innovations of both policy instruments as capturing non-systematic components of policies due to changes in policy preferences of the committee-e.g., because of a change in the composition of the voting members of the FOMC-, the imperfect observability of the state of the economy when policies are set and/or other factors. 37 For a review of this literature, see Christiano, Eichenbaum and Evans(1998) and Leeper, Sims and Zha()). The specification of the model that we consider closely resembles that of Marshall and Evans(1998). For a model, which, instead, uses information on asset yields to identify monetary policy shocks, see, e.g., Piazzesi et al.(). 38 Note that, as for the case of the high-frequency analysis of Section 4 the VAR model does not impose absence of the Akaike Information Criterion(AIC), we include four lags of the relevant variables in the model specifications in (9), 39 and because of the zero-restrictions in (10), we estimate the parameters in (9) within a seemingly unrelated framework.
Figures ?? and ?? show responses of the core variables, Z t , to an unexpected one-standard deviation increase in the innovations, ε S t , corresponding to the semantic orientation score and the federal funds rate. Figures ?? and ?? , instead, display the yields' responses to these shocks. All responses in the figures are absolute deviations in basis points from the unshocked values, with the exception of the semantic score, which is measured as an absolute deviation in the(unscaled) units of the variable. In all figures, the shaded areas represent two-standard error bootstrapped confidence bands for the corresponding impulse response. 40 Before discussing the results, it is important to note that a positive innovation to both variables can be interpreted as contractionary monetary policy shocks but, whereas positive innovations to the federal funds rate directly feed into higher short term rates, a positive innovation to the semantic score may affect short term rates only in that it indicates a more "hawkish" stance of monetary policy.
Consider the response to an unexpected positive shock to the semantic orientation score. As shown in the bottom right panel of Figure ? ? the response of the federal funds rate is humpshaped with a peak of about 20 basis points around seven months after that the shock occurs. The response of the semantic orientation score, instead, is monotonically decreasing and relatively short lived with the score returning to its pre-shock level after six months. The responses of both core inflation and employment growth to a shock in the semantic orientation score are in general not statistically different from zero. Following a shock to the semantic score, the core inflation rate falls for the first ten months. The response of nonfarm payroll employment, which is quite persistent, is positive for the first few months, and it then becomes negative. 39 Ivanov and Kilian(2005) find that, for monetary models of the sort considered here, the AIC provides the most accurate estimate of impulse responses in small sample and data observed at a monthly frequency. 40 To obtain the confidence bands, we resample 1,000 times from the fitted residuals of (9). The confidence bands are then constructed as the point estimates of the impulse response coefficients plus/minus two standard deviations of the impulse response coefficients across the resampled datasets.
literature, which has considered much longer data samples. 41 Even with a relatively short sample size, however, the model estimates show that an unexpected positive innovation in the semantic orientation score, that is, an unexpectedly more hawkish FOMC statement, is followed by policy rate hikes in subsequent months.
We now turn to the forecast error variance decompositions of the core variables that describe the portion of the conditional k-step ahead forecast error variance of each variable that can be accounted for by the innovation in the semantic orientation score and the federal funds rate. The estimated variance decompositions are shown in Table ? ? along with standard errors of the point estimates, which are reported in square brackets below each corresponding value. There are two columns in the Table for each variable that show the portion of variance accountable for by the semantic orientation score-SSO in the Table- and the federal funds rate-FFR in the Table. As shown in the second-to-last column, the shock to the semantic score accounts for a significant portion of the forecast error variance of the federal funds rate with a maximum of about 30 percent six months out, and for slightly smaller amounts at 3-months and 1-year. The variance of the federal funds rate accounted for by its own shock, instead, is monotonically decreasing, with a maximum of about 65 percent at three months, and about 40 percent one year-ahead. The variance of the semantic orientation score accounted by its own shock is also monotonically decreasing and is quite large, with with a maximum of about 95 percent after three months and 80 percent one year-ahead.
The innovation of the federal funds rate, instead, accounts for a negligible portion of the variance of the score at all forecasting horizons. The portion of the variance of the core inflation rate and of the nonfarm payroll employment growth rate that is accounted for by either of the two monetary policy shocks is approximately equal to 10 percent over the different forecast horizons, although the estimates are relatively imprecisely estimated. Now consider the responses of the risk-free nominal yields to unexpected shocks to the semantic orientation score and the federal funds rate. As shown in Figure ? ?, yields at all maturities increase on impact after a positive shock to the semantic orientation score, with the magnitude of the increase being smaller for yields of longer maturities. The responses of the 3-month and 6-month yields are hump-shaped with a peak response of about 15 and 10 basis points, respectively, about six months after that the shock occurs; both responses are statistically different from zero for about 8 months after the shock. The responses of the yields with maturities above 2-years are, instead, never statistically different from zero. Now consider the yields' responses to a federal funds rate shock, which are shown in Figure ? ?. As for the semantic orientation score, the impact responses of the yields are larger for yields with shorter maturities; in addition the responses of yields for maturities above five years are negative, albeit not significant. Relative to shocks to the semantic score, the impact responses of yields to federal funds rate shocks are larger for shorter maturities and smaller at longer maturities. The 3-month and 6-month yields' responses are hump-shaped, with a peak of about 20 basis points at six months and 15 basis points around twelve months. The responses of the yields above 2-years are never statistically different from zero, and for yields of maturity of 5-years and above are negative for few months.
In sum short term yields increase-on impact and for about one-and-half year afterwardsfollowing both a semantic orientation score shock and a federal funds rate shock. The sign of the responses for yields of longer maturities are, instead, mixed but, compared with federal funds rate shocks, the yields' responses to the shocks to the semantic scores are larger.
The portion of the forecast error variance of the yields accounted for by the semantic score and the federal funds rate shocks are shown in Table ? ?. The two shocks account for a relatively small portion of the forecast error variance of yields with maturities beyond 2-years, while both shocks explain a significant portion of the forecast variance for the 3-months and 6-months yields at all horizons.
Taylor Rule and Automated Scores
This section's goal is to make progress toward an interpretation of central bank communication measures by studying its link with policy rules determining short-term interest rates. An intuitive way of tackling this is to relate the semantic orientation score to the systematic and unsystematic components of monetary policy. We refer to a Taylor rule's fitted values as the systematic component of policy, while to the unxplained portion (Taylor rule's residuals) as the unsystematic part.
This approach makes possible to gauge if our communication measures holds a stronger correlation with either one of these two components. 42 We wish to check if the statement stance is a measure related to output gap and inflation or possibly something else, for instance, timevarying weights in the Taylor rule that the Fed may communicate through the FOMC statement or additional information temporarily brought to bear in its decisions.
In the analysis we concentrate on real-time data (i.e. the data vintage available to policymakers at the moment of the FOMC meeting), in order to account for informational delays and corrections, which otherwise would affect both parameter estimates and the residuals. 43 We will also focus mostly on Taylor rules incorporating either partial adjustment or serially correlated error terms in order to make sure we can decouple the communication score from omitted serially correlated variables of a different nature. 44 Our first step is to estimate textbook Taylor rule specifications and to generate the explained and unxplained component of short-term rates. A first specification is the classic calibration of 42 We prefer the term residuals to interest rate gap because it highlights our goal of investigating the unexplained variation in policy. 43 For a discussion see Orphanides (1998) . 44 The discussion of partial adjustment versus serially correlated error terms is present in Rudebusch (2002) and empirical tests appear in English, Nelson and Sack (2003) .
Taylor (1993):
where i T t is the Taylor-rule interest rate (in percentage points), π t the inflation rate, y t − y * t the output gap. With i t we will indicate the nominal short-term rate. The "residual" is simply the
A partial-adjustment model such as the one presented in English, Nelson and Sack (2003) is defined as:
where ε t is an i.i.d. disturbance. The serially correlated error term model is:
where v t is an i.i.d. disturbance. By replacing the top equation (13) with (12) we obtain a model nesting both partial adjustment and serial correlation, which we also test. We estimate (12), (13), and the nested model by NLS (results available upon request) and all parameters are identified, as
showed by first-differencing in English, Nelson and Sack (2003) . We also estimate a forward looking version of the nested model by using Clarida, Gali, and Gertler (1998) forward-looking version of the Taylor rule:
where policy responds to expected inflation E t (π t+1 ), as opposed to current inflation.
We are interested in the correlations Corr(RI t ,î t ) and Corr(RI t ,ε t ), where hats indicate estimated values. The particular measures of economic variables we employ do not affect the results in any substantive way. We focus on the period 1987-Q1 to 2007-Q2 and we employ the estimated CBO output gap and CPI (averaged over four quarters). We also replicated our results using real-time observations at FOMC-meeting-date frequency. [Results to be added]
Conclusions
In this paper we develop a novel approach to measure the stance, content, and intensity of central bank's communication regarding future policy rate moves. In particular, we define an operative measure of the stance of FOMC statements along a "hawkishness" metric, based on the Comittee's declared assessment of the risk to its long run goals of "price stability and maximum sustainable employment."
We follow a dual approach in the empirical analysis. We rely on high-frequency (intraday) identification around policy announcements in order to pin down the immediate causal response of the term structure to changes in FOMC statements, and we find this response to be large. A one standard deviation change in the degree of hawkishness of a statement produces an increase of 2 basis points in 2-year and 5-year yields in a half-hour window around the FOMC announcement.
Effects on the short-term yields ( Notes: Data Frequency is a FOMC intermeeting. Relative Imbalance Score is defined in equation (5) . The hollow circles indicate that the scores were based on matches on the search engine queries covering less than half the sentence in the FOMC statement, while the full circles were obtained from statements with a higher coverage. Notes: Basis points change during "tight" and "wide" time windows around FOMC accouncements. Yields are for on-the-run Treasury securities. ED1-8 refer to the nearest-eighth quarterly Eurodollar futures contract. Level, slope and curvature are defined as: (i) mean of the 3-, 2-and 10-year Treasuries; (ii) difference between the 10-year and the 3-month Treasuries; (iii) sum of the changes in the 2−year/3−month spread and in the 2−year/10−year spread. Number of observations: 69. Notes: MP(Tight/Wide) is the monetary policy surprise during a "tight"/"wide" time window around FOMC accouncements computed from the current-month federal funds futures contract. ∆RI is the change inthe Relative Imbalance score defined in equation (5). ∆SO is the change in the Semantic Orientation score defined in equation (3) . ∆HI is change in the Relative Imbalance score defined in equation (1). Notes: For a definition of the variables see Table 1 . Number of observations: 65. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: *** significant at 1%, ** significant at 5%, * significant at 10%. Notes: Bootstrapped standard errors reported in brackets. Notes: Bootstrapped standard errors reported in brackets. Notes: Shaded areas denote two-standard error bootstrapped confidence bands.
